Abstract: Factor multinomial logistic regression and cluster analyses are used in combination to provide a predictive model of store patronage behaviour for consumers in Cardiff, Wales. A subset of variables and factors that are important for consumers when choosing a supermarket were used to provide a picture of each store's clientele. Multinomial logistic regression allowed an overall model of supermarket choice to be developed and also enabled comparisons to be made of individual supermarkets within the sample. A detailed picture of store patronage is presented along with predictions about store choice for a number of 'consumer clusters'. The results demonstrate the utility of the predictive multinomial models when used in conjunction with other analytical techniques and reinforce a number of studies that have investigated patronage behaviour.
Introduction
A number of recent research studies have analysed management challenges in retailing (Dawson, 2000) , as well as the UK supermarket industry in terms of corporate, social and financial performance (Moore and Robson, 2002) . The UK supermarket food-retailing sector is highly competitive with the leading multiples vying closely for market share and customer loyalty. The retail environment is changing rapidly and is characterised by increasing competition from both domestic and foreign companies and more demanding consumers who have greater expectations related to their consumption experiences. Consequently, retailers today must differentiate themselves by meeting the need of their customers better than the competition. Given the size of the market and the competitive environment, it is not unexpected that there has been considerable interest in modelling consumer patronage behaviour.
Perhaps the most obvious factors in choosing a store is the quality and variety of goods on offer and their relative price. However, it has become clear that price competition and quality are not the sole answers to increasing market share (see, for example, Strachan, 1997; Hortman et al., 1990; Hutcheson and Moutinho, 1998; Reichheld and Sasser, 1990) , as there are many other extrinsic product cues likely to have an impact on store patronage (see, for example, Dawar and Parker, 1996; Moutinho and Hutcheson, 2000; Rao and Monroe, 1989; Teas and Agarwal, 2000) . It is clear from the literature that consumers are taking account of more than just price and promotional offers when deciding where to shop.
Although store location is of undoubted importance to consumer choice, owing to the popularity of the car, actual distance to the supermarket does not appear to be that important in determining consumer choice. In fact, the majority of consumers journey beyond an acceptable walking distance to their supermarket and tend to purchase too much to carry any distance on foot. Car usage has, therefore, become essential for many consumers. It is clear that the provision of car parking, adequate road access and facilities for cars will exert a powerful influence on consumer choice. How important car use, or indeed distance of the stores from consumers, is likely to be in the future is open to question, as there are growing numbers of supermarkets offering internet-based shopping and home delivery. If this trend continues, actual store location may become less relevant as a factor related to store choice (see Balabanis and Vassileoiu, 1999; Berthon et al., 1996; Rowley, 2000) .
A typology of discount shoppers based on shopping motives, store attributes and outcomes has been developed by Jin and Kim (2003) , whereas Kincade and Moye (2003) explored differences in store patronage and attitudes towards retail store environments, which led them to devise shopping orientation segments. Because of increasing time pressure, many consumers are becoming concerned about the efficiency of their shopping patterns as they put a premium on their time and view it as a scarce resource. Messinger and Narasimham (1997) looked in detail at consumers' economising on shopping time and found that one of the factors likely to have an important effect on store choice is the degree to which stores are convenient and allow consumers to save time shopping. One of the indicators of the importance of speed and convenience is the rise of one-stop shopping, which offers substantial timesavings for the consumer. Messinger and Narasimham suggest that the greater prevalence of one-stop shopping has been the response to growing consumer demand for time-saving convenience. For grocery retailing, it has been argued that location and convenience are the determining factors for store choice (Magi and Julander, 1996) .
Consumer choice is not only related to store location and what they have to offer, but is also likely to be related to a number of consumer-specific factors such as social class, the type of family unit, age and lifestyle, the amount of goods purchased and brand and store loyalty (Aaker, 1996; Bell et al., 1998; Fournier and Yao, 1997; Macintosh and Lockshin, 1997) . Research conducted by Dickson and MacLachlan (1990) was designed to see whether a conceptualisation of social distance (as measured by social class variables) between shoppers and stores would provide a basis for understanding store avoidance behaviour. Controlling for other functional aspects of store image, such as price and personnel, the social distance measure was found to be influential in discriminating shopping groups, providing evidence that people tend to avoid stores that are perceived as being socially distant from themselves. In addition to social distance, a consumer's lifestyle and life-stage can exert an influence over store choice (Narayaman, 1998) . Clearly such consumer-specific factors need to be considered when supermarket preference is being modelled.
The influence of usage situation and consumer shopping orientations also have a degree of impact on the importance of the retail store environment (Moye and Kincade, 2002; Rhee and Bell, 2002; Vermeir and Van Kenhove, 2004) with store environment also significantly affecting sales, product evaluations and satisfaction (Bitner, 1990) . In fact, it has been shown that attitudes towards the store environment are sometimes more important in determining store choice than are attitudes towards the merchandise. A customer's satisfaction and general mood may even significantly affect purchasing behaviour with satisfied customers spontaneously spending more on products (Spies et al., 1997) . A key role that store environment plays is to provide informational cues to customers about merchandise and service quality (Gardner and Siomkos, 1985; Zeithaml, 1988) , which have been identified as critical components in the consumer's decision-making process (Dodds et al., 1991; Kerin et al., 1992) .
Customer satisfaction has been identified as being of importance, with much of the literature taking as given the notion that satisfaction is a proxy for store repatronising behaviour (Anderson et al., 1994; Cronin and Taylor, 1992; Rust and Zahorik, 1993; Simester et al., 2000; Yi, 1990) . As Cronin and Taylor (1992) argue, it seems reasonable that customer satisfaction is affected not only by the quality of what the customer receives, but also by price and convenience. While customer satisfaction may be of importance generally, it should be noted that costs of dissatisfaction could outweigh the benefits of satisfaction as exceeding customer expectations will merely retain current customers whilst dissatisfaction is likely to result in customers going elsewhere, at least in the short term. This view is reinforced by Anderson and Sullivan (1993) , who found that quality falling short of expectations has a greater effect on satisfaction (and therefore store patronage) than does quality that exceeds expectations (see also, Oliver, 1980; Churchill and Surprenant, 1982) .
Many empirical regularities in the buying behaviour of consumers have been linked together in a comprehensive model, the Dirichlet. Uncles et al. (1995) listed some of the well-established regularities and showed how they are theoretically intertwined and illustrated, and how this approach to modelling can assist the marketing analyst. Given the advent of basket-level purchasing data of households, choice modellers are actively engaged in the development of statistical models and econometric models of multi-category choice behaviour of households. Seetharaman et al. (2005) reviewed current developments in this area of the research.
Demographic segmentation
Since, as a result of loyalty programmes, demographic information (such as residence, profession, age, gender, ethnicity, marital status and education) about customers is widely available, segmentation based on demographic variables is probably the most popular segmentation method (e.g., Gensch, 1985) . For instance, in their study, Segal and Giacobbe (1994) carried out a Ward's hierarchical cluster analysis on 10.000 customers in a large metropolitan area in the USA on the basis of a set of demographic characteristics, such as occupation, household composition, income, housing, etc. Their analysis revealed four demographic segments for which they subsequently analysed and found profound differences in the market share of four major supermarket chains. Gensch (1985) clustered 700 individuals on 19 demographic variables, such as income, age, marital status and number of cars, in order to test the advantage of disaggregate choice models.
Despite the abovementioned studies, researchers often criticise that segmentation on the basis of demographics lacks a direct link with purchase behaviour (Danneels, 1996; Forcht and Cochran, 1999) . In other words, it is not theoretically clear whether differences in socio-demographic background produces significantly different purchase behaviour. While some studies found some slight differences in responsiveness to marketing variables, many studies conclude that these differences are in fact too small to be relevant for practical purposes (Frank et al., 1972; McCann, 1974) . Probably, the usefulness of (geo-)demographic variables can be best evaluated in the context of backward and forward segmentation (Wilkie and Cohen, 1977) .
In the forward approach to segmentation, demographics are used to a priori form a number of clusters, which are subsequently related to product-specific measures of consumer behaviour. For instance in our case, the supermarket retailer could segment the shoppers according to the ownership of a microwave and/or freezer, to subsequently test whether this affects the purchase frequency of pre-packed meals in the supermarket.
In the backward approach, product-specific measures of consumer behaviour are used to form a priori segments, to subsequently profile these segments according to general customers characteristics, such as (geo-)demographics. For instance, the supermarket retailer would define a number of segments of ready-made meals in terms of the ownership of a microwave and/or freezer to discriminate between light versus heavy users of the ready-made meals category.
Behavioural segmentation
Segmentation based on purchase behaviour aims at discovering groups of customers that exhibit a similar purchase behaviour. For instance, retailers often distinguish between light and heavy users of a product (category), or regular stock-up shoppers, or home and daytime shoppers versus work and weekend shoppers, or fast-checkout customers versus regular checkout customers, etc. In the case of in-store segmentation, differences in behaviour of this kind can be relatively easily extracted from receipt data. For example, Reutterer (1998) uses Kohonen Self-Organizing Maps (SOM) to cluster supermarket shoppers into nine segments based on their preference for different brands within the margarine product category. Preference in this context was measured by the relative purchase frequency of a brand within its category. He found distinct segment differences in the preference for private label and national brands. Kopp et al. (1989) applied a k-means clustering of a group of 1.650 supermarket shoppers based on a vector of share-of-shopping-visits for eight competitive retailer groups. They identified six distinct segments and subsequently tested their difference in profile on the basis of a number of descriptor variables, such as fashion lifestyles, attribute importance and demographics. In general, it is believed that clusters of behaviour-based segmentation have relatively strong predictive power to reveal differences in actual purchase behaviour.
Benefit segmentation
Benefit segmentation aims at discovering clusters of consumers that seek similar benefits when evaluating and choosing or purchasing products in retail stores. Benefits may be measurable, such as economical or durable, but may also be rather abstract concepts, such as trendy or sportive. The difference in importance that consumers attribute to these benefits offers an interesting basis for segmentation since they reflect the needs that consumers have. For instance, Miller and Granzin (1979) discover segments of consumers on the basis of a number of benefits from fast-food retail chains, such as speed of delivery, price, friendliness of employees and taste of the food.
Lifestyle/psychographic segmentation
Lifestyle segmentation involves discovering groups of consumers that have a similar lifestyle pattern, also called psychographic pattern. Lifestyle segmentation variables refer to how consumers spend their leisure time (activities), what are their interests, and how they think about themselves and the society in general (opinions). Gutman and Mills (1991) cluster fashion merchandise shoppers based on a number of fashion-related lifestyle variables, such as fashion leadership and fashion interest. An important motivation to use these specific fashion-related lifestyle variables is that other studies have argued that 'general' lifestyle variables provide a poor discrimination towards purchase behaviour. Gutman and Mills' study revealed seven fashion segments, such as leaders, followers, independents and uninvolveds which were subsequently profiled on a set of demographic variables.
Demographic correlates of store loyalty
Previous research has generally revealed weak associations between store loyalty and demographic measures. In the USA, Farley (1968) , who used the same data as Cunningham (1961) , found no associations, but low income appeared as a correlate in studies by Dunn and Wrigley (1984) ; however, a recent study by McGoldrick and Andre (1997) found that loyal shoppers tended to have larger incomes.
These findings have elements that could be consistent with all three theories of loyalty and further research is required, which will help to identify any dominant explanation. For example, evidence that store loyalty is associated with high income and the use of a car would support the discretionary view of store loyalty and would conflict with the idea that store loyalty is based on a lack of resources.
Clearly, there are a number of variables that have been shown to affect supermarket choice and the research reviewed above provides an indication of at least some of the factors that may influence consumers. Although many of these factors can be expected to operate in all markets regardless of location, it is likely that the local environment and local conditions also exert an influence on consumer choice. Indeed, it may be the case that variables that are important generally, do not exert an influence at a local level for a particular location. A store's clientele may therefore be influenced by 'general' factors such as the store's image, perceived quality, atmosphere and value for money, beliefs generated in most part by national advertising, but will also be influenced by local factors such as the supermarket mix, saturation, geographical placement, age of store, local reputation, quality of road access and proximity to residential housing. Consumers' store choice will be based in part upon the national image of the stores and in part upon local factors.
This project looks at the effect that a number of variables have on consumer choice in a specific location. It identifies those variables that may usefully be included in a general model of patronage behaviour and provides predictions based on a multi-method analysis of the relationship between store choice and a number of variables. A multi-method approach is employed to provide predictive models that can be used on the present database, but more importantly, applied to other data collected from alternative locations (the analysis provides models that are locally based). Firstly, factor analysis is used to identify the underlying structure of the data and provide indicators of relatively independent constructs that can be used in a regression analysis. A theoretically based model-building approach is used to derive a model for store choice using a multinomial logistic regression. Predictions are then obtained for a number of selected supermarket comparisons using clusters of consumers defined from the data. It is important to model patronage at a local level as a particular store's customer base will be affected to a large degree by local factors; for example, store placement, the mix of stores available, the relative age of the stores and local customer loyalty. National data will conceal local differences and cannot provide the detailed information for modelling patronage at individual stores. It is also important to derive predictions about patronage from these local models using clusters derived from the local population as the client base is likely to be heavily dependent upon location.
The use of generalised linear models (in this case, multinomial logistic regression) to investigate factors surrounding supermarkets has been relatively widely used and has proved a powerful and successful technique (see for example, Allenby and Leuk, 1994; Chib et al., 1998; Koelemeijer and Oppewal, 1999; Murthi and Srinivasan, 1998) . This paper extends the technique to provide predictions about individual stores based on naturally occurring clusters in the sample. The emphasis is therefore on the illustration of the effects shown to be important in the model.
Method
This project was undertaken in Cardiff, Wales, using a sample of consumers chosen to represent the most important geo-demographic clusters in the city. Households were selected on the basis of a k-systematic interval, depending on the type of dwelling in each location. Six hundred thirty-seven people were questioned using a 'drop in' and 'collect data at a later date' approach with a call back procedure applied when respondents were not at home. The fieldwork was carried out by a selected group of trained professional interviewers. By way of encouraging participation and thanking the survey respondents for completing the questionnaire, three prize draws were used. Table 2 Correlations between the factors Notes: ** Correlation is significant at the 0.01 level (2-tailed). * Correlation is significant at the 0.05 level (2-tailed).
The questionnaire elicited a number of details about the respondents, including personal details and information about their shopping habits. In addition to these questions, the relative importance of a number of factors likely to play a role in determining choice of store was assessed, including the quality and range of produce and services, the ease and speed with which shopping can be completed, the range of goods and services offered, the behaviour of staff, and the atmosphere in the store. These questions were rated on a five-point ordered scale, with possible responses ranging from 1, which indicated minimal importance, through to 5, which indicated high importance. From these data, five factors were extracted on the basis of a principle components analysis and interpreted after an oblique rotation was applied (as it was hypothesised that the factors would correlate). The factors were interpreted as 'the quality of the produce and staff', the 'availability of additional services', 'facilities for cars', 'ease and convenience' and 'value for money' (see Hutcheson and Moutinho (1998) for a full description of this analysis). Tables 1 and 2 show the factors that were derived and the variables that loaded highly on them and the correlations between these factors. To optimise the factor analysis solution, two variables were excluded from the analysis on the basis of the K-M-O measure of individual sampling adequacy (Kaiser, 1970) . The two variables, which assessed the proportion of 'own brand' and 'value range' products, were found to be highly related to one another (r = .631; p < .0005) and indicated the presence of a sixth factor (although this did not form part of the factor solution for the sample). In order to take account of these data, the scores for each were combined into a single measure that represented the range of value and own-brand products available. 
Results
The generalised linear modelling technique of multinomial logistic regression (see Dobson, 2002; Fox, 2002; Hoffmann, 2004; Maindonald and Braun, 2003; McCullagh and Nelder, 1989 ) was used to model store choice using all of the factor scores derived above, a variable indicating the importance of own-brand and value-range products, and information about the consumers' behaviour and circumstances (for example, take home pay, car ownership, number of people in the household and satisfaction with the supermarket). Nine supermarkets and one category relating to 'other shops' (mostly small local shops) were modelled. Using a manual sequential model-building procedure (based on the automated backward elimination model selection procedure discussed in Agresti and Finlay, 1997; Hutcheson and Sofroniou, 1999 ) a subset of variables that could be used to predict supermarket choice was identified. The model shown in Equation 1 only includes those variables that contributed significantly to the prediction of supermarket choice. 
where: j = the designated supermarket and j′ is the reference supermarket Take Home Pay = represents household weekly take-home pay in pounds sterling Satisfaction = rating of satisfaction on a seven-point ordered scale F_Services = factor score representing the importance of additional services (see Table 1 )
F_value for money = factor score representing the importance of value for money (see Table 1 )
Car ownership = binary classification indicating whether consumers usually make use of a car when shopping.
For this model,
refers to the log odds of a consumer choosing one supermarket (j) compared to another supermarket (the reference category j′); a choice that is influenced by the consumer's take-home pay, car use, and how importantly they rate factors such as satisfaction, services and value for money. The overall goodness of fit statistics show that consumers' store choice can be more accurately determined using this model than a null model
as chi-square = 254.87, df = 45; p < 0.0005. The goodness of fit statistics for each variable in the model are presented in Table 3 . Note: *The reduced model is formed by omitting an effect from the final model. The resultant change in -2 log likelihood is tested for significance against the chi-square distribution.
From Table 3 , it can be observed that the variables which distinguish most efficiently between consumers who shop at different supermarkets in this model are take-home pay and whether or not they make use of a car (chi-square = 59.417 and 61.713, respectively; p < .0005 in both cases). Also important is the degree of satisfaction felt with the supermarket, the importance of low prices and the provision of 'other' services not directly related to the core business (chi-square = 29.207, 28.390 and 27.448, respectively; p < .005 in all cases). The variables retained in the model (see Equation 1 ) indicate those that exert an influence across all of the supermarkets. Whilst this information is important, it does not allow a detailed investigation of supermarket patronage for individual stores. For example, car ownership is the most significant variable in supermarket choice and differentiates well among a number of markets, as can be seen in Figure 1 . Car ownership, however, only appears to be useful for differentiating between two groups of supermarkets -those that attract a high percentage of car users (Tesco, Sainsburys, Kwik Save, Safeway and Asda) and those that do not (Lo-cost, Gateway, Solo and Iceland). Similarly, take-home pay (found to have a significant influence on supermarket choice, change in -2LL = 59.417, p < .0005) also appears to distinguish between groups of supermarkets, although these are not identical groupings to those found with car ownership. Asda, Sainsburys and Tesco form one relatively high-price group whose members are unlikely to be differentiated on the basis of take-home pay and Lo-cost, Gateway, Solo, Iceland and Kwik Save form a relatively inexpensive group whose members are also unlikely to be differentiated on the basis of take-home pay. If one is to obtain a picture of individual stores, it is important to assess the effect of each variable in relation to the particular supermarket one is interested in. Multinomial logistic regression is an ideal tool for this as it allows explicit comparisons to be made of individual supermarkets as well as estimating the effect of the variables across all markets. Tables 4 and 5 show the parameter estimates for individual supermarkets for the multinomial logistic regression model of supermarket attendance. The parameters given in the tables (labelled B and Exp(B)) provide an explicit comparison between a named supermarket and a reference category. The two tables show the same model in each case (the model described in Equation 1 and in Table 2 ), but with two different reference categories chosen for the purposes of illustration (Tesco and Kwik Save).
1
The regression output can be used to provide a descriptive account of the relationship between the supermarkets and the variables that are important in differentiating between their clientele. For example, when comparing two market leaders, Tesco and Sainsburys, it appears that the former has a higher perceived value for money rating (variable F_VALUE) with someone who shops in Tesco being likely to choose Tesco as opposed to Sainsburys, at least to some extent, on the basis of the perceived value for money offered by these stores (Wald = 14.867, p < .0005).
2 When the market leader (Tesco) is compared with a small market-share player like Lo-Cost, it appears that consumers with higher incomes prefer to shop at Tesco (variable TH_PAY; Wald = 7.415, p = .006) as well as those who rated satisfaction (variable SATISFAC; Wald = 10.613, p = .001), and the offer of additional supermarket services (e.g., cafeterias, baby changing rooms, etc.; variable F_SERVIC; Wald = 11.545, p = .001) as being more important. The results clearly indicate that certain discriminators are highly associated with particular stores. For example, car users with the highest orientation towards 'value for money' tend to prefer/patronise Tesco. Again, by comparing the overall market leader (Tesco) with two of the low-price supermarket strategic group, one can detect that customers who shop at Tesco usually have higher household incomes and rated satisfaction with their stores as more important than those who shop at Kwik Save and Lo-cost.
The parameters obtained from the multinomial model are particularly informative as they can be used to provide in-depth descriptions of each supermarket. For every one pound increase in take-home pay, the odds of someone shopping at Kwik Save compared to Tesco decreases by about 0.6%. Although this might appear to be quite a small decrease, it is highly significant (Wald = 23.050; p < 0.0005) with large differences in weekly pay having a substantial effect on store choice. For example, each £100 increase in weekly pay decreases the odds of a customer choosing Kwik Save compared to Tesco by about 45% (see Hutcheson and Sofroniou (1999) for a discussion of the use and interpretation of logit scores).
Whilst an overview of the supermarkets' customer base is useful, it is also useful to look at the patronage behaviour of groups of consumers. This can be achieved by segmenting the population into clusters and then making predictions about supermarket choice for these clusters. For this sample of consumers, three clusters were identified using a hierarchical cluster analysis (using between-groups linkage and the squared Euclidean distance) on the variables shown to be important in differentiating between the supermarkets. Table 6 shows the results of this analysis and provides the average levels of each variable. The three clusters shown in Table 6 display three different consumer profiles. Clusters 1 and 2 represent consumers who are quite similar on a number of variables apart from take-home pay (members of Cluster 2 earn considerably more on average). Cluster 3 indicates a group of consumers who earn substantially more, are more concerned with satisfaction and less concerned with value for money and other services than the members of Clusters 1 and 2. Using the multinomial logistic regression model shown in Equation 1, predictions on which supermarkets the members of each cluster prefer can be easily derived. For example, the probability of a member of Cluster 1 shopping at Kwik Save as opposed to Tesco can be calculated by substituting the values for Cluster 1 from Table 6 into the regression equation: The log odds of someone from Cluster 1 choosing Kwik Save as opposed to Tesco is:
which translates into odds of 0.822 and probability of 0.451. To put this into context, for every 1000 people from this cluster who shop at Tesco, we can expect 822 to shop at Kwik Save. Similar statistics for all three clusters are shown in Table 7 . 
Conclusion and managerial implications
The model described in this paper has provided a number of results that have reinforced some previous research findings (see, for example, Magi and Julander, 1996; Narayaman, 1998) and demonstrated the utility of the combined use of factor analysis, multinomial logistic regression and cluster analysis for modelling consumer behaviour and providing illustrative predictive models.
Taking into account the key independent variables retained in the basic logistic regression model, one can detect that in terms of general differentiation across all supermarkets, the main discriminators are take-home pay, car ownership, overall satisfaction, the existence of other services (i.e., cafeterias, transport provided by store, parent and baby facilities and help with packing at checkouts) and value for money (in this case measured by a retained factor that includes low prices, frequency of special promotions and the availability of loyalty discount schemes). This information derived from the findings is, no doubt, of major interest to managers but an important proviso will be its applicability and usefulness with respect to individual store locations, each one with its peculiarities and degree of competition. This fact calls for the need to be able to model consumer behaviour and store patronage for individual locations so that marketing managers can devise head-to-head positioning tactics based on analytical comparisons between individual stores.
A critical antecedent for this process can already be gauged by the results of this study whereby a number of key discriminatory variables (e.g., household income and car ownership) were identified. These key segmentation variables clearly enable managers to partition the local market in terms of strategic groups of competitors. In our study, this differentiation make-up is visibly demonstrated between the groupings of low-cost supermarkets (Gateway, Iceland and Solo) and the higher-quality of service supermarkets (Tesco, Sainsburys, Asda and Safeway). The only hybrid perception is connected to Kwik Save, since it is grouped with larger supermarkets when the local market is measured in terms of car ownership, but it is clearly grouped with the low-priced supermarkets on the basis of household income.
The key managerial implications are that managers could have at their disposal local marketing research data, which would enable them to undertake store-by-store comparisons on a (marketing controllable) variable-by-variable basis by taking as a reference category their own strategic group of competitors. Furthermore, and within the same strategic group of competitors pursuing similar market segments, the local supermarket can quantitatively position itself vis-à-vis the segment's market leader, or position itself attribute-by-attribute, as perceived by consumers, against the dominant store on each choice preference or dimension.
Furthermore, the multinomial logistic regression method provides in-depth descriptions of each supermarket as perceived by both current and potential customers. Geo-demographic characterisations and profiling can be much more precisely analysed. Therefore, managers can predict patronage for particular market segments by taking into consideration direct positioning strategies with regard to specific individual store competitors. This modelling approach is also able to forecast traffic flows of customers vis-à-vis competing stores as a result of the manipulation of certain controllable marketing variables and management policies (i.e., pricing strategies and extended/augmented supermarket services). With the advent of one-to-one marketing and the phenomenon of customer individualisation, the modelling of individual store choice behaviour is becoming more pressing and useful, by identifying critical variables/constructs that truly differentiate amongst local store competitors.
Managers should be encouraged to scan the local environment and have a systematic programme of data collection. They also need to be aware of the effect that local changes (i.e., new entrants, local demographics, new local legislation, etc.) can have on their store patronage. Locally based managers can also segment the market much more accurately in terms of geo-demographic profiling, behavioural and benefit segmentation, so that resources can be better allocated and tailored to key segments at a local level and strategic groups of competitors defined in order to lead to a more effective positioning. Furthermore, the retailing mix can also be better adjusted to the needs of different market segments (e.g., promotional messages and product range).
The multi-method approach offers a myriad of benefits to the researcher/analyst, which evolve around the following premises:
• The data collected can be accurately dissected and effective statistical manipulation can be carried out on it.
• Statistical model-building is performed with fewer assumptions violated and every facet of the conceptual model can be probed and analysed with regard to its role, attribution and research remit.
• The research platform can be clearly defined a priori in terms of its analytical objectives (e.g., explanatory, predictive and classificatory).
Managerial implications:
• favouring the good use of local marketing research data to be used in decision-making • managers need to scan the local environment -programme of data collection
• aware of the effect of local changes -new entrants, etc., can have on patronage
• managers can segment the market more accurately geo-demographic, behavioural and benefit segmentation -resources tailored to key segments at a local level and strategic groups defined in order to lead to more effective positioning.
• retail mix can be better tailored to needs of different segments -promotional messages, product range, etc.
